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NPAM Framework Components 
 

 
 
 
 
Objectives of Case Study Module B – Model Development 

 Illustrate NPAM model structure for decision making 

o Links decision alternatives to objective by predicting the consequences of 
each decision with respect to the measureable attribute of the objective 

 Discuss uncertainty that makes decision making difficult and identify main 
structural uncertainties 

 Demonstrate expression of structural uncertainty via competing models 

 Present an analysis of EVPI 

 Express structural uncertainty via model confidence 
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Native Prairie Adaptive Management 

 The Resource Problem 

o Loss of native prairie to cool-season invasive grasses, smooth brome and 
Kentucky bluegrass 

 Area of focus 

o Native sod on Service-owned lands across the Prairie Pothole Region in 
USFWS Regions 3 and 6 

o Cooperators from 19 different refuge complexes across 4 states, with 120 
management units (81 mixed, 39 tall) 

 Spatial unit of focus 

o Management unit 

 
 
 
Objective & Decision Alternatives 

 Management objective 

o Increase the cover of native grasses and forbs at the least cost 

 Menu of management action alternatives 

o Rest    

o Graze    

o Burn    

o Burn / Graze 

 Management Cycle 

o Decisions made on an annual basis  

o Management year is 1 Sep – 31 Aug 

 
 
 
Describing the System – Vegetation 
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Eliciting Vegetation Structure 
 

 
 
 
 
 
Describing the System – Defoliation History 

 Based on a 7-year window of past management actions 

o Two components: 

 Defoliation level:  low, medium, high 

 Years since last defoliated:  1, 2 - 4 , 5+ 
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Full System State Structure 
 
 

 
 

 
 Combined, there are 16 x 7 = 112 possible discrete states that a unit can be in at 

any one time 
 
 
State Transition Model - Vegetation 
 
 

 
 
 
State Transition Matrix – Vegetation 

 
 
 
 
 
 
 
 
 
 
 

 

Vegetation State Structure Defoliation State Structure 
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Complete Model – Vegetation 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Model Parameterization 

 Elicitation of expert opinion 
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Model Parameterization 

 Linear-logistic and linear-polytomous regression models 

 Transition probabilities among vegetation states given: 

o Defoliation level (low, med, high) 

o Management action (Rest, Graze, Burn, Burn/Graze) 

 
Showing transition matrices for Rest, Graze, Burn, and Burn/Graze at Low Defoliation  
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Showing all 12, 16x16 transition matrices (4 actions x 3 defoliation levels) for a 
complete vegetation model 
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Model Prediction – Single Time Step 

 Model input 

o Current vegetation state:  native cover, dominant invader 

o Current defoliation level 

o Proposed management action 

 Model output 

o Provides a distribution of predicted vegetation state in the next year in 
response to model inputs and stochastic events 

 

 
 
 
 
State Transition Matrix – Defoliation 

 

(Rest) 

(Graze, Burn, B/G) 
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Model Prediction – Time Series 

 Two parts that work together 

o Vegetation model 

 P(xt+1|xt, dt, at) 

o Defoliation model 

 P(yt+1,dt+1|yt, dt, at) 

 Next time step 

o Vegetation model uses the new defoliation level predicted by the 
defoliation model 
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Structural Uncertainty 

 Decisions are difficult due to uncertainty about system behavior 

o Which management action is best to apply depends on how the system 
behaves 

 Elicitation of uncertainties 

 Identified three key uncertainties 

Does vegetation response to management depend on the: 

1) Type of dominant invader 

2) Past defoliation history of the unit 

3) Level of invasion  

 

Structural Uncertainty:  Competing Models 

 Goal of managing under an AM framework 

o Reduce uncertainty so make better decisions based on improved 
understanding of system behavior 

 Represent uncertainty through competing models  

 Models make different predictions about how the system responds to different 
management actions 

o Predictions based on three identified uncertainties:        

(1) Invader type, (2) Defoliation level, (3) Invasion level 

 
 
Competing Model Set 
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Competing Model Set 
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Competing Model Set  (continued) 
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Parameterization of Competing Models 

 Original elicitation was used to parameterize Model 3 

 To parameterize Models 1, 2, and 4 

o Modified the elicited values to be consistent with the specific hypotheses 

o Like before, used the values as input in a linear-logistic and linear-
polytomous regression 

o Derived parameters of the state transition probability matrices for each 
model (12 matrices per model) 

 
 
Implications of Competing Models 
 

 
 

 
 

Implications of Competing Models – Vegetation State 

 Competing models make different predictions 

o Same starting vegetation and defoliation state 

o Same management action 

o Different predicted outcome of vegetation state 

 Prediction of the resulting vegetation state depends on the model used; 
therefore, which management action you should select depends on the model 
you believe 
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Implications of Competing Models – Reward 

 We translate the resultant vegetation state into a value that represents the 
reward gained (utility) 

 A subjective expression that quantifies how cooperators value the outcome 
produced by the action taken  

 Combines both aspects of the management objective and is a function of 

o Native cover outcome relative to starting state (resource gain)  

o Management action applied (cost)  

 Unitless number that ranges between 0 and 1 

 Annual measure of what is received for what is invested 

o Larger the value, greater the 
payoff 
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Implications of Competing Models – Reward 
 

 
 
 

 Because reward is a function of the starting state, management action taken, and 
resulting state. 

 And because competing models made different predictions about the resulting 
state given the same input. 

 It follows that competing models predict different rewards for the same input. 
 
 

Implications of Competing Models – Reward 

 For any given vegetation state and management action taken, competing models 
project different rewards 

 If differences aren’t trivial, as rewards accumulate through the course of decision 
making, competing models will indicate that the objective would be best pursued 
along different paths of decision making 
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Structural Uncertainty:  Expected Value of Perfect Information 

 If management performance depends on the model used, best performance 
would be achieved by managing under the model that best reflects system 
behavior 

o Have 4 different models, that make 4 different predictions, and are 
uncertain which is the better representation of system behavior 

o Goal of managing under AM framework to reduce uncertainty 

o What is the value of resolving the uncertainty among competing models?   
What is sacrificed if fail to identify the most appropriate model and 
continue to manage under model uncertainty? 

 This is the Expected Value of Perfect Information (EVPI)   

 

Expected Value of Perfect Information (EVPI) 

 EVPI is the value of resolving uncertainty compared with continuing to manage 
under uncertainty 

 EVPI is measured in units of the management reward, i.e., the utility 

 To compute EVPI we need: 

o Expected value (utility) of managing under certainty with respect to each 
competing model 

o Expected value (utility) of managing under continued uncertainty with 
respect to all competing models 

 

 

Expected Value of Perfect Information (EVPI) 

(1) Expected value of management under certainty for a model 

o For a given model m, optimization procedure provides the expected 
average maximum utility for a given starting state x, assuming the optimal 
policy is followed 

 Call this value Um(x) 

(2) Expected value of management under continued uncertainty 

o Optimization procedure provides the expected average maximum utility by 
averaging all 4 model rewards  

 Call this value U.(x) 

 

Optimization…..in brief 

 A procedure that looks at all possible decision pathways through time and the 
accumulated rewards over the course of the different decision pathways 

 Identifies the trajectory of decisions (i.e., management actions) for each time-
step through time that is optimal (i.e., results in the highest accumulation of 
rewards)  
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Expected Value of Perfect Information (EVPI) 

 Averaging over all possible starting states, x  
   
 
 
 
 
  
 
 
 
 
 
 

 EVPI =                  –             = 0.00862 
 
 

 Over all states, resolving uncertainty provides a 1.1% increase in utility over 
continuing to manage without resolving uncertainty  

o We get 1.1% by dividing the EVPI by the expected value of continuing to 
manage under uncertainty (i.e., the value U. in the green box) * 100. 
(0.00862/0.790534)*100 = 1.1% 

 
 
 
EVPI Differs by System State 

 Value of resolving uncertainty is greater in some states than others 

o Overall:  1.1% increase 

 
o Amount of native prairie vegetation 

 
 

 

o Level of past defoliation 
 

 
 
  

Um1 Um2 Um3 Um4

0.71722 0.84983 0.85911 0.77048

Avgm1: m4

0.79916

U.
0.79053

Avgm1:m4 

(2) Average expected per 
annum utility if continue 
to manage without 
resolving uncertainty 
among models 
(i.e., always equal weight 
of 0.25 on each model) 

(1) Average of the four  
model-certain utilities. 
Average expected per 
annum utility if resolve 
uncertainty among 
models. 

Average expected per annum utility under  
each respective model as if certain it is the best model 

(i.e., weight of 1.0) 

U.       
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EVPI is not Measuring Value of AM over ‘Business As Usual’! 

 Cooperators have already agreed to implement state-dependent decision 
making, with monitoring 

o EVPI is measuring the value of using the monitoring data to improve future 
management 

 

 
 
 
Structural Uncertainty:  Model Weighting 

 If we’re uncertain about choice of model, how do we move forward with a 
decision? 

o Assign initial model weights to each model,  e.g.,                 

wm1 = ¼,  wm2 = ¼,  wm3 = ¼,  wm4 = ¼  

 This weighting reflects complete uncertainty among competing 
models 

 Each model initially has equal influence on the decision 

o For subsequent decisions, model weights are updated on the basis of 
information feedback from the monitoring program 

 Each model’s influence on the decision is continually revised over 
time 
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Summary:  Case Study Module B - Model Development 

 NPAM models project vegetation composition through time, in response to 
management actions and stochastic effects 

 Lacking data, model parameters were derived via expert elicitation 

 Response of vegetation to management is uncertain and we express structural 
uncertainty through competing models 

 Resolution of the uncertainty among competing models is likely to translate into 
increased management performance 

 EVPI is the expected value of resolving uncertainty compared with continuing to 
manage under uncertainty 
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